1. Introduction {#sec1}
===============

The adverse health effects of ambient air pollution, including particulate matter, has been thoroughly established ([@bib52]; [@bib5]; [@bib35]). Particulate matter below 10 μm (PM~10~) is respirable by humans and is one of the air pollutants regulated by the World Health Organization ([@bib61]). Compared with other countries, the concentration of PM~10~ in major Australian cities is relatively low ([@bib35]). The Australian National Pollutant Inventory (NPI) has identified open-cut coal mines as the most significant source of PM emissions, with approximately 25% of industrial emissions arising from coal mining activities ([@bib51]). Furthermore a recent study, has shown the PM~10~ concentrations in Australia are higher in coal mining towns than non-mining urban and rural regions ([@bib27]). Previous studies have shown clear links between coal mining and respiratory diseases ([@bib43]; [@bib34]). Populations living within close proximity to coal mines have been shown to be at an increased risk of mortality and/or morbidity across numerous disease classifications including neoplasms, diseases of the circulatory, respiratory and genitourinary systems, metabolic diseases, diseases of the eye and skin, perinatal conditions, congenital and chromosomal abnormalities, and external causes of morbidity ([@bib12]).

There have been recent concerns about the air quality in the town of Moranbah in north Queensland, Australia (21.9995S, 148.0713E). Surrounding Moranbah are several large, operational, open-cut coal mines (see [Fig. 1](#fig1){ref-type="fig"} ), which provide a potential source of dust to the local population ([@bib1]; [@bib51]; [@bib20]; [@bib42]) (see [Supplementary Fig. 1b](#appsec1){ref-type="sec"}). Although it has not been studied in this region, other potential sources of PM~10~ identified around Australia include agricultural dust ([@bib2]), the long-ranged transport of dust from central Australia ([@bib11]; [@bib49]; [@bib44]), smoke from fires ([@bib41]; [@bib30]; [@bib39]), sea spray ([@bib23]; [@bib49]), and emissions from local traffic or industry ([@bib33]; [@bib10]). Furthermore, PM~10~ concentrations can also be affected by the surface meteorological conditions, atmospheric boundary layer height, air mass back trajectory and synoptic scale conditions ([@bib64], [@bib63]; [@bib22]). These effects can suppress or exacerbate the PM~10~ concentrations, sometimes to a greater extent than the impacts from changes in source emissions ([@bib17]). Alarmingly, PM~10~ concentrations have increased in Moranbah, however the cause of this increase has not been established. It is therefore necessary to account for variation in meteorological conditions to examine whether this increase is because of changes in meteorology or because of increases in source emissions.Fig. 1The location of Moranbah and surrounding features. a) Moranbah (white point) with the surrounding mine sites, b) the location of Moranbah in Queensland, Australia, c) the location of the air quality monitoring station within Moranbah, and d) the estimated populations of Moranbah and the Isaac region.Fig. 1

In Moranbah, and as is the case for most monitoring stations, chemical composition measurements have not been taken. Furthermore, while emissions inventories for surrounding coal mines are kept on an annual basis, these are not detailed enough to be able to draw detailed quantitative conclusions about how potential sources can influence the PM~10~ concentration in the township. This problem can be overcome with long-term measurements with the aid of machine (or statistical) learning.

Machine learning methods are becoming increasingly popular tools in outdoor air quality modelling. Although other traditional statistical methods have been used to examine long term trends in air quality and meteorology in Australia ([@bib29]), the benefits of machine learning methods are yet to be realised in Australia and across the southern hemisphere ([@bib53]). Ensemble machine learning methods, such as random forests ([@bib4]) or gradient boosted regression ([@bib15]; [@bib16]), use a range of predictor variables and an ensemble of decision trees to make predictions. They offer a considerable advantage over other machine learning methods such as neural networks because the relationships between the predictor variables and the predicted variable can be fully interpreted ([@bib17]). Furthermore, both numeric and categorical predictor variables can be used, which allows complex systems such as regional synoptic conditions or air mass origins to be categorized and used to improve model explanatory power ([@bib22]).

Meteorological normalisation involves using random forests or gradient boosted regression to predict PM~10~ (or any air pollutant) and accounts for the influence of meteorological or other external factors such as wind speed and direction, temperature, boundary layer height and air mass backwards trajectory. The process of using random forests and meteorologically normalisation on air pollutants is described in depth in [@bib22]. They use random forests to predict and meteorologically normalise PM~10~ concentrations at air quality monitoring sites across Switzerland. Their technique showed a significant decline in normalised PM~10~ concentrations across the country and attribute this to reduced emissions due to vehicle and heating emissions control measures. Since then other studies have used this meteorological normalisation method to assess the impact of policy interventions on SO~2~, NO~*x*~ and NO~2~ in England ([@bib21]), the impact of clean air action on air quality in Beijing ([@bib57]; [@bib67]; [@bib36]), and to assess the impacts of relocating air quality monitoring sites in the United Kingdom ([@bib58]). This technique is therefore very useful for detecting changes in air quality in regions with potentially high emissions from industry.

Residents of Moranbah have reportedly been concerned with the high levels of dust appearing in households but, to date, a comprehensive investigation of trends and drivers of air quality in the township has not been done. The objective of this study is to exploit the recent advances in machine learning to investigate the trends in PM~10~ in Moranbah and assess the impact of changes in local industrial actions on air quality using open-access datasets and techniques. The primary intent of this study is therefore to provide local and state governments, as well as industry, a starting point to assess how changes in industrial development, residential growth or modes of employment might influence the air quality to inform future policies or procedures. The secondary intent is to establish a methodology for this meteorological normalisation that accounts for the influence of nearby fires, which are an important source of particulate matter in the Australian dry season, as well as other environmental factors such as soil water content. This study will therefore provide an updated meteorological normalisation technique that can then be applied to the numerous datasets of long-term monitoring of air quality across Australia.

2. Methodology {#sec2}
==============

All data loading, cleaning, processing, analyses, statistical modelling and visualisation was carried out using *R* ([@bib48]), with many tools used from the *tidyverse* suite of packages ([@bib62]). Temporal trends in the PM~10~ concentrations and corresponding meteorological and environmental predictor variables were estimated using the Theil-Sen estimator ([@bib66]).

2.1. Study area {#sec2.1}
---------------

Moranbah (21.9995S, 148.0713E) is part of the Isaac region within the broader Bowen Basin, one of Australia\'s most important source of export coal ([Fig. 1](#fig1){ref-type="fig"}). Moranbah grew substantially during a mining boom between 2002 and 2012 ([@bib45]; [@bib60]), with the estimated residential population increasing from 6500 to 8900, but has remained relatively steady since then. The estimated residential population of the Isaac region grew from 19,000 to 23,000 between 2002 and 2012, and has decreased to 21,000 as of 2019. Moranbah and the Isaac region also have a substantial additional population of non-residents that either fly or drive in and out for employment in the region. The Isaac region non-residential population rose sharply from 2006 until it peaked in 2012 at 17,000, before dropping to 9400 in 2016 and slowly rising to 12,000 in 2019 ([@bib46]) ([Fig. 1](#fig1){ref-type="fig"}d).

2.2. Data {#sec2.2}
---------

### 2.2.1. PM~10~ {#sec2.2.1}

Hourly PM~10~ have been measured in Moranbah (21.9995S, 148.0713E) by the Queensland Government Department of Environment and Science since March 2011 ([@bib47]). PM~10~ is measured using a Tapered Element Oscillating Balance (TEOM) at a height of 4 m above ground level. The TEOM is operated in accordance to AS 3580.98--2001 and adjusted in accordance with US EPA equivalence designation method EQPM-1090-079 requirements (i.e. scaled by 1.03 and offset by +3.0). After the adjustment, negative hourly concentrations less than −0.5 μg $m^{- 3}$ are removed and all other negative concentrations are set to 0.0 μg $m^{- 3}$.

### 2.2.2. Meteorological, environmental and temporal predictor variables {#sec2.2.2}

A range of meteorological, environmental and temporal variables were gathered to use as predictors for the PM~10~ measured in Moranbah. Each of the meteorological and environmental variables are described in this section. [Table 1](#tbl1){ref-type="table"} summarises each of these and the trends for each variable are shown in [Fig. 2](#fig2){ref-type="fig"}, [Fig. 3](#fig3){ref-type="fig"} .Table 1Predictor variables used to model the PM~10~ in Moranbah.Table 1Predcitor variableVariable typeData sourceTemperature (°C)Meteorological[@bib47]Wind speed ($ms^{- 1}$)Meteorological[@bib47]Wind direction (°)Meteorological[@bib47]Pressure (hPa)Meteorological[@bib8]Boundary layer height (m)Meteorological[@bib8]Rainfall (mm $d^{- 1}$)Meteorological[@bib54]Air mass clusterMeteorological[@bib31]Fire power ($Wm^{- 2}$)Environmental[@bib19]Soil water content ($m^{3}m^{- 3}$)Environmental[@bib8]Hour of dayTemporalN/ADay of weekTemporalN/AWeek of yearTemporalN/AUnix dateTemporalN/AFig. 2The time series of: (**a**) monthly temperature, (**b**) monthly wind speed, (**c**) monthly wind direction, (**d**) monthly pressure, (**e**) monthly boundary layer height, (**f**) the monthly mean of daily rainfall near Moranbah, (**g** the monthly volumetric soil water content in the top 7 cm of soil, and (**h**) the monthly mean sum of MODIS-detected fire power from fires within 200 km of Moranbah and within 90Â° of the station wind direction. The trends were calculated using the TheilSen estimator with 95% confidence intervals. The +, \* and \*\* symbols next to the trend values indicate p \< 0.1, p \< 0.05 and p \< 0.01, respectively. Horizontal bars represent the frequency distribution of daily averages.Fig. 2Fig. 3(**a**) The mean of the 120-h air mass backwards trajectories at Moranbah split into seven clusters and (**b**) the monthly frequency of each cluster.Fig. 3

Wind speed and direction are measured using an ultrasonic sensor at a height of 10 m above ground level. Temperature is measured using a capacitive ceramic sensor, which can be prone to overestimating the actual temperature under still conditions. Wind speed and direction and temperature were all measured at the same monitoring station in Moranbah as the PM~10~ measurements. To provide a comparison of the daily and weekly cycles of PM~10~, air quality data from the Brisbane CBD (28.4774S, 153.0281E) was also retrieved. The time series of the meteorological variables is shown in [Fig. 2](#fig2){ref-type="fig"}.

Daily rainfall data was fetched using the *bomrang* R package ([@bib54]). The sites considered were Wentworth (22.07S; 147.72E), approximately 30 km west of Moranbah, from 2011 until 2019, and from the Moranabah Airport (22.06S; 148.08E) between 2012 and 2019. When any amount of rainfall was measured at both sites on any given day, the average from both sites was taken as the daily rainfall. On days when only one site recorded rainfall, that amount was taken for the daily rainfall.

Hourly atmospheric boundary layer heights, volumetric soil water content in the top 7 cm and ground-level pressure data were retrieved from the European Centre for Medium Weather Forecasting\'s Reanalysis-5 (ERA5) reanalysis ([@bib8]) from 2011 until 2019 between 22.50S and 21.75S, and 147.5E and 149.0E. The mean of these three variables over this spatial domain at each hour were then calculated and used as the representative values in the Moranbah region.

Historic fire hotspots were obtained from Geoscience Australia Sentinel Hotspots database ([@bib19]) that collates measurements from the Moderate Resolution Imaging Spectroradiometer (MODIS) and Visible Infrared Imaging Radiometer Suite (VIIRS) satellite instruments. Here, hotspots detected by MODIS on the Aqau satellite within 200 km of the Moranbah air quality monitoring site and within m 45° of the prevailing wind direction at each hour were selected. The hotspots are detected by MODIS on the polar orbiting satellite, Aqau, which has a flyover time just after noon local time. The occurrence, location and fire power was then assumed to be constant over the whole day.

120-h backwards trajectories were calculated every 6 h (00, 06, 12, 18 UTC) at a height of 100 m above ground level using the NCEP/NCAR Reanalysis meteorological data ([@bib31]) and the HYSPLIT trajectory model ([@bib56]) between 2011 and 2019 over the Moranbah measurement site. This was done using the *splitr* R package ([@bib28]). A K-means clustering analysis was then applied to each 6-hourly trajectories using the OpenAir R-package ([@bib7]) (see [Fig. 3](#fig3){ref-type="fig"}). This was done using both the Euclidean distance and the angular distance between trajectories, and by selecting three up to eight clusters for each method. Seven clusters using the angular distance between trajectories was selected, because this resulted in the largest influence on PM~10~ after using gradient boosted regression. The average trajectories of the seven clusters as well as the monthly frequency of each cluster is shown in [Fig. 3](#fig3){ref-type="fig"}.

The hour of day and day of week temporal variables are used as proxies for local traffic sources, while the week of year and unix date temporal variables are included to account for seasonal and long-term variability in PM~10~ that are not accounted for in the meteorological and environmental variables (i.e. changes in local emissions).

2.3. Modelling PM~10~ with machine learning algorithms {#sec2.3}
------------------------------------------------------

The meteorological, environmental and temporal variables were then used as predictors for modelling the PM~10~ concentration in Moranbah using two machine learning algorithms.

Gradient boosted regression and random forest models are two types of ensemble learning methods that rely on building a strong prediction based on many so-called "weak" predictors based on decision trees. In random forest models the decision trees built independent of each other and are averaged to give a final prediction. In gradient boosted regression, the decision trees are built sequentially and iteratively predict the residual between the trained data and prediction from the previous decision tree. Each subsequent decision tree is multiplied by a learning rate (typically between 0.001 and 0.1) before being summed to give a final prediction.

The performance of these algorithms are sensitive to several hyper parameters, such as the number of trees, the interaction or tree depth and in the case of gradient boosting, the learning rate and the number of samples considered in each split within a decision tree. A trade-off for model performance is over-fitting. An over-fit model will be tuned to noise in the training data and therefore won\'t be generalised and could fail when trying to make predictions on new data. Here, both the gradient boosted regression and random forest algorithms were applied to predict and meteorologically normalise the PM~10~ concentrations in Moranbah.

### 2.3.1. Gradient boosted regression {#sec2.3.1}

Gradient boosted regression was performed using an adaption of the *deweather* R package ([@bib6]), which uses the underlying *gbm* R package ([@bib24]) to run the model. The functions to test and build the model were extended to allow for the interaction depth, learning rate and minimum number of samples considered for each node to be changed. These hyper parameters were tuned by using a train fraction of 0.8 (sampled randomly) and a bag fraction of 0.5 and running the model ten times for each combination of hyper parameters (see [Supplementary Table 1](#appsec1){ref-type="sec"} for the grid of tested hyper parameters). The average and standard deviation of the output statistics were then calculated for each combination of hyper parameters. The optimal combination of hyper parameters based on the coefficient of determination and degree of over-fitting were then chosen to build the model for meteorological normalisation and to explore the partial dependencies between each predictor variable and PM~10~.

### 2.3.2. Random forest {#sec2.3.2}

The random forest modelling was performed using the *rmweather* R package ([@bib22]; [@bib21]), which uses the underlying *ranger* R package ([@bib65]). The default training fraction of 0.8 (sampled randomly) from the *rmweather* package was used and a combination of different hyper parameters were also tested (see [Supplementary Table 2](#appsec1){ref-type="sec"}). These included the number of trees, the number of variables per node and the minimum node size. The decision trees in random forests are independent from each other and therefore a learning rate hyper parameter is not considered as it is with gradient boosting. The best performing combination of hyper parameters were again selected for the rest of the analysis using the random forest algorithm.

### 2.3.3. Meteorological normalisation {#sec2.3.3}

The selected gradient boosted regression and random forest models were then used to meteorologically normalise the time series of PM~10~. In this process, the PM~10~ concentration for each hour over the sampling period is predicted using the partial dependence of a linear time variable and by randomly sampling the remaining meteorological and other predictor variables. For both the random forest and gradient boosted regression meteorological normalisation, each hourly PM~10~ concentration was predicted 1000 times using the random sampling and then averaged to give a normalised PM~10~ concentration. This process of meteorological normalisation was applied to account for the influence of meteorology, fires and soil water content on the PM~10~ concentrations in Moranbah. The meteorological normalisation procedure was repeated an additional three times, although excluding the temperature, soil water content and fire power variables, respectively. This allowed the impact of each of these on the normalised trend to be individually investigated.

A significant advantage of the gradient boosted regression and random forest machine learning techniques is that the partial dependencies between the predictor variables and predictant can be investigated. This is done by randomly sampling all but one of the predictor variables, one at a time. Exploiting this allows for the influence of each predictor variables on PM~10~ to be isolated.

3. Results and discussion {#sec3}
=========================

3.1. Air quality in moranbah {#sec3.1}
----------------------------

Measurements of PM~10~ in Moranbah commenced in March 2011 (see [Fig. 4](#fig4){ref-type="fig"} ). Since then there has been a statistically significant average annual increase in PM~10~ of 1.2 $\pm$ 0.5 μg $m^{- 3}$ per year (p $<$ 0.001). Alarmingly, since 2014, this increase has been much higher, with an average annual increase of 2.5 $\pm$ 1.2 μg $m^{- 3}$ per year (p $<$ 0.001, not shown).Fig. 4The time series of daily PM~10~ where the black and red horizontal dashed lines represent the Australian NEPM standards for the annual average and the 24-h average, respectively. The connected black dots represent the annually average PM~10~ concentrations. Horizontal bars represent the frequency distribution of daily concentrations.Fig. 4

The Australian National Environmental Protection Measure (NEPM) have indicated safe levels of daily and annually average PM~10~ concentrations of 50 μg $m^{- 3}$ and 20 μg $m^{- 3}$, respectively. In the case of the daily NEPM standard, an exceedance limit of five days per year has been recommended. [Table 2](#tbl2){ref-type="table"} indicates the annually average PM~10~ between 2011 and 2019 and the number of days that the daily limit was exceeded. Over these nine years, four of them (2012, 2017, 2018 and 2019) exceeded the annual limit and five (2011, 2012, 2017, 2018 and 2019) had at least five days per year that daily limit was exceeded.Table 2Air quality in Moranbah and Australian NEPM annual (indicated with \*) and daily exceedences.Table 2YearAnnual PM~10~ (μg $m^{- 3}$)Daily exceedences201120.65201228.8\*36201322.71201420.50201521.54201622.30201725.9\*7201830.1\*19201931.0\*31

These results clearly show PM~10~ air quality in Moranbah often exceed recommended safe levels and that the air quality has worsened since measurements began in 2011. It is therefore important to identify the sources of PM~10~ and the possible explanations for why concentrations are rising. Understanding whether the rising PM~10~ is due to changes in local emissions or natural meteorological or environmental causes is therefore extremely important. Because composition measurements have not been taken, which would help identify sources of PM~10~, other techniques are required. The remainder of this study will present the results of modelling and meteorological normalisation of the PM~10~ concentrations in Moranbah using machine learning algorithms and a range of meteorological and environmental predictor variables.

3.2. Model results {#sec3.2}
------------------

The models built using the random forest algorithm outperformed those built using gradient boosted regression. For the random forest models, the coefficient of determination (R^2^) ranged between 0.49 and 0.59 across the grid of hyper parameters ([Supplementary Fig. 2](#appsec1){ref-type="sec"}), while for the gradient boosted regression models, R^2^ ranged between 0.25 and 0.49 ([Supplementary Fig. 3](#appsec1){ref-type="sec"}). It is difficult to identify the reason that the random forest algorithm outperformed the gradient boosted regression in this study. Even though a wide range of hyper parameters were tested with both models, the random forest models were able to explain more than 10% more of the variance in PM~10~ than the gradient boosted regression. One possible reason is that the random forest models were less prone to over-fitting than the gradient boosted regression for this data set.

The optimal random forest model (R^2^ = 0.59, RMSE = 19.5) was given by using 600 trees, six variables per node and a minimum node size of 10, although overall performance did not appear to be overly sensitive to the selection of hyper parameters. For the gradient boosted regression models, the performance was sensitive only to the number of trees selected, with a higher coefficient of determination given a higher number of trees. Although selecting 4000 trees gave the highest R^2^ values for the testing datasets, the average R^2^ values for the training datasets were significantly higher (R^2^ $>$ 0.8), which indicates that these models were over-fit. The optimal gradient boosted regression model (R^2^ = 0.46; RMSE = 21.1) was therefore selected with 1000 trees, an interaction depth of 4, a learning rate of 0.005 and a minimum of 10 observations in each node. Although this combination still resulted in a training R^2^ of 0.67, indicating a smaller degree of over-fitting, it was also computationally much faster than a much higher number of trees.

The optimal random forest model and gradient boosted regression model explained 59% and 46% of the variance in PM~10~ concentrations in Moranbah, respectively, using the selected meteorological, environmental and temporal predictor variables. This is sufficient to then perform the meteorological normalisation of PM~10~ and to explore the partial dependencies between PM~10~ and each predictor variable.

3.3. Meteorological normalisation of PM~10~ {#sec3.3}
-------------------------------------------

The meteorologically normalised trend using both the gradient boosted regression and random forest techniques are shown in [Fig. 5](#fig5){ref-type="fig"} . The normalised trends from both models agree with each other well (R^2^ = 0.66 and a linear regression coefficient of 1.2, [Supplementary Fig. 5](#appsec1){ref-type="sec"}). Using the Theil-sen estimator, statistically significant trends (p $<$ 0.001) were observed in both normalised trends of 0.62 $\pm$ 0.5 μg $m^{- 3}$ per year for the random forest model and 0.5 $\pm$ 0.4 μg $m^{- 3}$ per year for the gradient boosted regression model. Since 2014, the normalised trends have been 1.7 $\pm$ 0.3 μg $m^{- 3}$ per year and 1.9 $\pm$ 0.4 μg $m^{- 3}$ per year for the random forest and gradient boosted regression models, respectively. Both reveal several consistent changes in the normalised PM~10~ concentration. These changes (i.e breakpoints) in the normalised PM~10~ are due to changes in emissions of PM~10~ sources, rather than meteorological or environmental effects. The dates that these breakpoints were observed are detailed in the supplementary material ([Supplementary Table 3](#appsec1){ref-type="sec"}). Most of the observed breakpoints are relatively abrupt, unlike changes observed in other studies that observed a transition in emissions due to policy intervention ([@bib22]; [@bib21]; [@bib57]). These breakpoints are unlikely to be associated with natural causes or variability (e.g. fires, long range transport of dust, increased emissions of biogenic vapors) (see [Section 3.4](#sec3.4){ref-type="sec"}).Fig. 5The meteorologically normalised PM~10~ concentrations at Moranbah calculated using gradient boosted regression and random forest. The vertical dashed lines represent identified break-points in the time series.Fig. 5

The trends in the meteorologically normalised PM~10~ are approximately half that of the trend in the measured PM~10~ concentrations. This indicates that, while meteorological or environmental variability is a partial cause for the rising PM~10~ in Moranbah, changes in local source emissions are also responsible. In order to disentangle these contributions, it is useful to explore the partial dependencies between PM~10~ and each predictor variable as well as the overall trends in the predictor variables themselves.

### 3.3.1. Partial dependencies {#sec3.3.1}

The partial dependence plots from both the gradient boosted regression (orange lines) and random forest (purple dots) models are shown in [Fig. 6](#fig6){ref-type="fig"} . The partial dependencies of each predictor variable and PM~10~ are broadly consistent between the two models. Some differences are present (e.g. for northwesterly wind directions, high wind speeds and high atmospheric boundary layers) which are likely due to fewer samples observed for those conditions. Despite these differences the trends between the predictor variables and predicted PM~10~ appear robust across both models.Fig. 6The partial dependencies of each PM~10~ predictor variable from gradient boosting. Error shadings represent the standard deviation of the 1000 predictions using the gradient boosting model. The violet dots represent the partial dependencies from the random forest model. Horizontal bars represent the frequency distribution of daily concentrations.Fig. 6

The sum of fire powers within 200 km of the Moranbah site and prevailing wind direction was the predictor variable with the largest influence on the predicted PM~10~ concentration from gradient boosted regression. Although the impact of fires on particulate matter and air quality has not been studied in this region, they have been shown to be an important source in north Australia during the dry season ([@bib38]; [@bib37]), in Brisbane ([@bib39]; [@bib26]; [@bib9]), as well as the other regions of Australia ([@bib32]; [@bib50]). Here, the relationship between the PM~10~ concentration and the fire power is not linear, which highlights the complexity and difficulty of predicting PM~10~ from satellite retrievals of fire location and power. A large spike in PM~10~ concentrations is seen in the partial dependence plot for a fire power of $\sim$1750 W, which is due to a large fire event in late November of 2012 within 50 km east of Moranbah. Despite this, the PM~10~ concentration is, on average, higher when the fire power is above $\sim$ 1700 W and much more variable. A limitation in the methodology used to retrieve fires is that they are based on retrievals from polar orbiting satellites. Therefore, only fires that burn for a considerable time to be detected at the time of the satellite fly-over are counted. Furthermore, only fires within 200 km of the prevailing wind direction are considered, but smoke from large fires can be carried over distances of hundreds or thousands of kilometers. Lastly the fire power is only a weak proxy for emissions of particulate matter, since smouldering fires with a lower power can emit enormous amounts compared with larger more open flame fires ([@bib14]). Despite these caveats, by not including the fire power as an explanatory variable reduced the performance of the gradient boosted regression model, decreasing the R value between the predicted and observed PM~10~ by 0.1. Interestingly, although the fire power was an important predictor variable of PM~10~, the meteorologically normalised PM~10~ trend was rather insensitive to its inclusion or exclusion.

The variable with the second largest influence on the PM~10~ concentration was the *trend* variable, which is the date expressed as the Unix time of each observation (i.e. number of seconds since January 1, 1970) and can be used as a proxy for changes in emissions or other variables that are unaccounted for. This partial dependence gives an indication of the meteorologically normalised trend which will be discussed later.

Temperature was an important predictor variable on the predicted PM~10~. There are many ways that temperature can influence air quality from changes in various source emissions as well as atmospheric processing during transport. Cold temperatures can lead to residents using wood fire heating to warm households which can lead to severe increases in PM concentrations ([@bib30]). Warm temperatures associated with increased emission of biogenic vapors which can lead to increased PM concentrations secondary aerosol formation ([@bib25]). Higher temperatures could also be linked to fires, and any influence by those not considered in the *sum of fire power* predictor variable could be included in the partial dependence of the temperature and PM~10~. The partial dependence of PM~10~ and week of the year shows a clear annual cycle, with higher concentrations in the Austral spring. This could be due to annual cycles in the activities of the township of Moranbah and surrounding industries, but, like temperature, is also likely to be partially representative of the annual fire season in this region.

The volumetric soil water content in the top 7 cm in the region surrounding Moranbah was an influential variable on PM~10~. Because PM~10~ emissions are lower for high soil water content, this suggests that wind blown dust is an important source of PM~10~, as soil moisture has been shown to inhibit dust emissions ([@bib18]; [@bib13]).

The partial dependencies of wind speed, wind direction, weekday and hour of the day highlight the elevated PM~10~ concentrations when the wind speed is large ($>$ 5 $ms^{- 1}$), the elevated PM~10~ concentrations that throughout the evening, as well as the relatively similar concentrations observed on weekdays and weekends. The partial dependence of PM~10~ and wind direction indicates that winds from the north-east and south are responsible for the highest PM~10~ concentrations. This will discussed further in the next section.

The air mass backwards trajectory was not an influential variable on the predicted PM~10~, giving strong evidence that local, rather than regional or continental, emissions are responsible for variability in PM~10~. Nonetheless, there are still distinct differences in PM~10~ for different air mass backwards trajectory clusters. The two clusters, C5 and C7, that resulted in the highest PM~10~ concentration were those that spent the most time over continental Australia, suggesting that long-ranged transport of terrestrial sources such as dust or biomass burning aerosol do have a small impact on the air quality at Moranbah. In contrast the two clusters, C1 and C2, resulted in the smallest concentrations of PM~10~, and were the two clusters that spent the least amount of time over continental Australia. Emissions from long-ranged sources, such as dust storms and large-scale distant fires are somewhat accounted for within the air mass back trajectory cluster predictor variable.

The atmospheric boundary layer height partial dependence showed a minimum PM~10~ for boundary layers $\sim$1000m, and elevated concentrations below this as well as above 2000m, although these cases were rare. This phenomena was also observed in PM~10~ measurements across Switzerland ([@bib22]). They suggest that the PM~10~ concentrations during low boundary layers and low temperatures and lead to high rates of surface-based emissions in winter, and that regimes consisting of high boundary layers are associated with deep convection that allows for the transport of PM~10~ from other sources. Whether this explanation is valid for this site or not is uncertain. It is also plausible that the periods when the boundary layer was high corresponded with a period when smoke from fires impacted the air quality. This was the case for an event in early December 2018 when the boundary layer was greater than 3000 m when extensive smoke can easily be observed over the entire region from MODIS satellite imagery.

Lastly, rainfall, pressure and week of year were not important predictor variables for PM~10~. Nonetheless, higher amounts of rainfall lead to lower PM~10~. There are two possible explanations for this. The first is that after or during rainfall, soil can be more moist and therefore lower dust emissions as discussed earlier. The second is that mining activities halt when there is rainfall, thereby reducing potential sources of PM~10~. Although there is still a small seasonal cycle shown in the partial dependence plot for the week of year, most of the seasonal effects are taken into account in the other predictor variables (e.g. soil water content, fire power and temperature).

3.4. Explaining the rising PM~10~ {#sec3.4}
---------------------------------

The partial dependencies are useful for describing how each meteorological or environment factor influences the PM~10~ concentration. The combined changes in these over time, however, is what potentially drives the trend in PM~10~. The results from the meteorological normalisation indicate that approximately half of the rise in PM~10~ in Moranbah since 2011 has been due to meteorological and environmental changes. Excluding the soil water content from the meteorological normalisation process resulted in a normalised trend of 1.1 $\pm$0.3 μg $m^{- 3}$ per year (p \< 0.001), which is nearly the same as the unnormalised trend of 1.2 $\pm$ 0.5 μg $m^{- 3}$ per year. As shown in [Fig. 2](#fig2){ref-type="fig"}, the soil water content has decreased by approximately 1% per year since 2011 (p \< 0.001), and these results indicate that these drying conditions contributed approximately half of the rise in PM~10~. As mentioned earlier, this is feasible if contributions to PM~10~ from dust emissions are significant and are exacerbated in dry conditions. Whether or not these changes in emissions have been made more likely with the expansion of exposed soil from open-cut coal mines is not able to be determined in this study.

The remainder of the rise in PM~10~ is likely due to direct increases in local emissions. Potential major PM~10~ sources are likely to include traffic from the town of Moranbah, nearby highways, and emissions from mining vehicles, the Moranbah airport to the south, local and distant fires, wind-blown dust from natural or agricultural land as well as from the open-cut mines that surround Moranbah. Other mining-related activities such as blasting or mechanical disturbances are also potential sources. By exploring the meteorologically normalised trend in PM~10~, as well as the supporting meteorological and environmental data, the rest of this section will highlight why a change in mining related activities are the most plausible explanation for the increase in PM~10~.

In addition to the partial dependence plots, the bivariate polar plot of mean PM~10~ concentrations with wind speed and wind direction ([Fig. 7](#fig7){ref-type="fig"} ) shows that high concentrations of PM~10~ are present from multiple wind directions and are more common during periods of high wind speed. This indicates that mechanically activated sources of PM~10~ such as dust are a likely contributor to the high concentrations of PM~10~ at the Moranbah site. It should be noted that the polar plot gives an indication of the mean PM~10~ for different wind speeds and directions but does not indicate the frequency of these conditions. Although in Moranbah the wind can come from any direction, the prevailing winds are easterly and southeasterly (see [Fig. 2](#fig2){ref-type="fig"} and [Supplementary Fig. 3](#appsec1){ref-type="sec"}).Fig. 7The average polar plot of PM~10~ concentration at Moranbah. The angle represents wind direction and the radius represents wind speed.Fig. 7Fig. 8The average annual polar annulus of PM~10~ concentration at Moranbah. For each yearly polar annulus, the angle represents the wind direction and the radius represents the local hour of the day (Australian Eastern Standard Time).Fig. 8

The PM~10~ concentrations in Moranbah also exhibit a wind direction-dependent daily cycle that has also changed between 2011 and 2019. This is shown in the yearly polar annulus plots in [Fig. 8](#fig8){ref-type="fig"}. As stated earlier, 2012, 2017, 2018 and 2019 had high annual PM~10~ concentrations, but the polar annulus plots indicate differences in the sources across these years. Interestingly, 2012 showed high mean PM~10~ concentrations from all wind directions, albeit at different times of the day. Prominent peaks around midday from easterly winds and evening hours from northerly winds can be observed. In contrast to all other years except 2019, the hours between midnight and sunrise ($\sim$0600h) show the lowest mean PM~10~ concentrations through the day. In urban areas, it is typical to observe a diurnal cycle in air pollutants with a peak during morning hours and another peak during late afternoon hours that each represent emissions from morning and afternoon traffic as people drive and commute to work ([@bib55]; [@bib40]). This is not the case for Moranbah. It can be seen in the polar annulus plots that mean PM~10~ concentrations remain high throughout the night.

To explore this further, it is useful to compare the average diurnal and weekday cycle in PM~10~ from Moranbah and the capital city of Queensland, Brisbane (population of 2.3 million). This is summarised in [Fig. 9](#fig9){ref-type="fig"} . The first thing to note is that PM~10~ concentrations in Brisbane are only roughly 60% of those in Moranbah, which is remarkable considering the population difference. The second is that the diurnal cycles between the two sites are different. Both exhibit a morning peak just after 0600h local time. The afternoon peak in Brisbane, however, is at approximately 1400h local time, while it does arrive until after 18h in Moranbah. Furthermore, the difference between the PM~10~ concentrations in the morning and afternoon peaks and the trough at midday is considerably smaller in Brisbane than in Moranbah. This suggests a more continual source of PM~10~ throughout the day in Brisbane, but a larger and more continual source of PM~10~ throughout the night in Moranbah. As established earlier, there is a increased trend in PM~10~ in Moranbah between 2011 and 2019. A further trend analysis for different periods of the day shows a much more pronounced, statistically significant (p $<$0.001), trend in PM~10~ during night hours (2100h--0900h) than the rest of the day (see [Supplementary Fig. 4](#appsec1){ref-type="sec"}), while no statistically significant trend was observed for any period of day in Brisbane.Fig. 9The time variation of PM~10~ in Moranbah and the Brisbane CBD where a) is the average hourly PM~10~ concentrations for each week day, b) is the average hourly PM~10~ concentrations for all days, c) is the average daily concentrations for each week day, and d) is the average monthly PM~10~ concentrations.Fig. 9

Furthermore, the diurnal cycle in Brisbane is different on weekends, with less pronounced morning and afternoon peaks on Saturday, no morning peak on Sunday, later afternoon peaks, and lower PM~10~ concentrations on average. This is in contrast with Moranbah, which still shows similar concentrations and a prominent morning and afternoon peak on both Saturday and Sunday. This strong diurnal pattern that continues over the weekend strongly suggests the impact that the typical working week and day in Moranbah has on the local air quality. Nearly 40% of the towns population are full-time employed in the surrounding coal mines (Australian Bureau of Statistics, 2016) and work 12 h shifts. It is therefore not surprising that the differences in the typical working week between Moranbah and Brisbane is reflected in the weekly and diurnal cycles of PM~10~ concentrations. Furthermore, the diurnal cycles of PM~10~ in Moranbah strongly indicate the importance of local mining, or mining-related, activity on the air quality in the town. Although some of this contribution could be due to traffic to and from mine sites, the significantly elevated concentrations compared to Brisbane, which has a much higher population and traffic volume, suggests that other non-traffic sources are very important.

Although fires are an important source of PM~10~, there is strong evidence against these being responsible for the increasing trend of PM~10~ in Moranbah. The first is that the meteorological normalisation accounts for PM~10~ due to nearby fires and there has been no increasing trend in fire power since 2011 (see [Fig. 2](#fig2){ref-type="fig"}) This is further supported by the fact that the, fire power and temperature predictor variables from the meteorological normalisation did not significantly change the normalised PM~10~ as it did for soil water content. The second is that the increasing trend in PM~10~ is present across all seasons, even when fires are not occurring. Third, the increasing trend in PM~10~ is stronger at night than during the day, which is consistent with mining activity that is operational throughout the night. There have been some suggestions that the poor air quality in Moranbah is due to wood fire heating, however the positive trend is consistent across all wind directions and seasons ([Supplementary Figs. 6 and 7](#appsec1){ref-type="sec"}) so this is unlikely to be a large contributor.

The Australian National Pollution Inventory records annually reported PM~10~ emissions for the major mine sites across Australia, including those in the Bowen Basin around Moranbah. The numerous mine sites around Moranbah are known to be significant emitters of PM~10~, with annual emissions from the nearest 19 sites on the order of 100 million kilograms (see [Fig. 10](#fig10){ref-type="fig"} ). With fires and local traffic sources unlikely to be the reason for the rising PM~10~ concentrations in Moranbah, there is no obvious explanation for the rise in the meteorologically normalised PM~10~ other than activity related to these mines. Interestingly, the total reported emissions from all of the mine sites were negatively correlated with the annually average normalised PM~10~ trend (R = −0.79). Negative correlations were observed for most individual mine sites, with the exception of the Broadlea North Coal Project (R = 0.75), the Isaac Plains Coal Mine (R = 0.16), Coppabella Coal Mine (R = 0.17), Moranbah North (R = 0.28), the South Walker Creek Mine Operations (R = 0.10) and Grosvenor (R = 0.43). It should be noted that the magnitude of mining emissions reported may be a conservative estimate ([@bib27]). Although the reported emissions from each mine are only estimates and are only on an annual basis, this might suggest that the mining activity from one individual mine is not responsible for the entirety of increase in the normalised PM~10~ observed in the town of Moranbah, or that the reported annual emissions are not accurate.Fig. 10The reported PM~10~ emissions from each individual mine site surrounding Moranbah as well as the total emissions from all sites and the total for different directions.Fig. 10

Additionally, the estimated non-residential workers in the Isaac region can be considered a proxy for mining-related activity around Moranbah. The correlation was weak between the estimated non-residential population and the measured and normalised PM~10~ (R^2^ = 0.075 and R^2^ = 0.094, respectively) between 2011 and 2019. Interestingly, by excluding 2019 which had anonymously high PM~10~ concentrations, the correlation between the estimated non-residential population and the measured PM~10~ was somewhat stronger (R^2^ = 0.13), while it was significantly stronger for the normalised PM~10~ (R^2^ = 0.37). Although only a crude comparison due to the limited number of years, this does provide additional, albeit weak, evidence that mining related activity has been responsible for the rise in the normalised PM~10~.

Although the evidence suggests that the sharp changes in PM~10~ emissions and the overall increasing trend are related to mining activity, this analysis is not able to reveal what mining related activities are contributing most to the PM~10~ concentrations in the town. Possible sources are emissions from mining vehicles, blasts to disturb and break up soil, or dust stirred up from exposed soil and/or driving. Compositional measurements will help identify the source type and detailed dispersion modelling would be useful in identifying where the specific sources are.

3.5. Future work {#sec3.5}
----------------

There is significant scope to extend on this work. Although the purpose of this study was to use freely available, open-access datasets to investigate the trends and influences of PM~10~ in Moranbah, there is room to improve on the model by considering more predictor variables. With mine sites being an active source of PM~10~, other datasets that can be used as a proxy for emissions from these mines would be valuable. These data could include the frequency of blasting and the number of operational vehicles. The inclusion of this data would could drastically improve the capability to predict PM~10~, while also better resolving the activities that lead to high concentrations. Although emissions inventories exist for each of the mine sites around Moranbah, these are only provided on a yearly basis and therefore not suitable as predictor variables in the meteorological normalisation method.

As of October 2019, the monitoring of PM~2.5~ in Moranbah has commenced. This will further help in the attribution of sources of coarse (e.g. dust) and fine (e.g. vehicle emissions) particles. Once enough data has been gathered (i.e. at least a full year to capture the seasonal cycle), the classical and machine learning techniques applied in this study should be extended to both the PM~2.5~ and PM~10~ data.

The scope of this study was to explore the alarming increase in PM~10~ to above safe levels in Moranbah. Beyond the local and regional area surrounding Moranbah, this meteorological normalisation should be applied to the air quality monitoring datasets across Australia. This could potentially reveal how effective changes in vehicle emissions standards are in major cities or how prescribed burning practices or uncontrolled fires influence the air quality across Australia. 2019 and 2020 have been anomalous years for Australia, starting with the unprecedented fires across southern and eastern Australia, followed by the impact of COVID-19. These fires had severe impacts on the air quality in major cities and bushfire smoke is estimated to have resulted in more than 400 excess deaths ([@bib3]). Further, the impacts of COVID-19 on industry and traffic are likely to cause changes in air quality ([@bib59]). The meteorological normalisation technique applied in this study should be used to isolate the influences of these fires and COVID-19 on air quality in Australia and elsewhere.

4. Conclusions {#sec4}
==============

The air quality in Moranbah worsened between 2011 and 2019. PM~10~ concentrations increased by an average 1.2 $\pm$0.5 μg $m^{- 3}$per year (p \< 0.001). This study used gradient boosted regression and random forest models to investigate the changes in PM~10~ in Moranbah. By accounting for meteorological and environmental effects, the results show that there has been an increase of 0.6 $\pm$ 0.3 μg $m^{- 3}$ per year due to changes in local emissions, with the remainder mostly due to a decrease in soil water content in the region which can facilitate dust emissions. Furthermore, 10 distinct breakpoints in the normalised PM~10~ time series were identified over the study period. Environmental agencies and local industries can use these breakpoints to relate changes in industrial or urban activities to explicitly assess the impacts of these changes on the air quality in Moranbah. The meteorological normalisation using machine learning is proving to be a powerful technique in determining and investigating changes in emissions that lead to improved, or deteriorated, air quality. This study extended on the meteorological normalisation applied in other continents by including a proxy for fire emissions, which have significant impacts on air quality across Australia, as well as soil water content which was shown to be important. The methodology outlined in this study should now be applied to long-term air quality monitoring data sets from urban and rural sites across Australia.
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